Follow this and additional works at: https://arrow.tudublin.ie/engschcivart Recommended Citation Recommended Citation Nasr, A., and Bruen, M., 2008. "Development of neuro-fuzzy models to account for temporal and spatial variations in a lumped rainfall-runoff model". Journal of Hydrology, vol. 349, pp. 277-290. doi:10.1016Hydrology, vol. 349, pp. 277-290. doi:10. / j.jhydrol.2007 For many good and practical reasons, lumped rainfall-runoff models are widely used 10 to represent a catchment"s response to rainfall. However, they have some 11 acknowledged limitation, some of which are addressed here using a neuro-fuzzy 12 model to combine, in an optimal way, a number of lumped-sub-models. For instance, 13 to address temporal variation, one of the sub-models in the combination may perform 14 well under flood conditions and another under drier conditions and the neuro-fuzzy 15 system would combine their outputs for each time-step in a manner depending on the 16 prevailing conditions. Similarly to address spatial variation, one of the sub-models 17 may perform well for the upland parts of the catchment and another for the lowland 18 parts and again the neuro-fuzzy system is expected to combine the different outputs 
B2 for y. The first layer in the Figure thus has four nodes, one for each of the two 10 fuzzy sets of each of the two input variables. Each node in the first layer receives a 11 crisp value of one of the input variables (e.g. x) and, for each fuzzy sub-set of this 12 input variable, it uses a membership function (e.g. A1) to generate a membership 13 grade (e.g. u A1 ). Different shapes for the membership function, such as Gaussian, 14 Generalised bell shaped, trapezoidal shaped, and triangular, can be used. from a function associated with this rule to transform the crisp values of the inputs 10 into a scalar output (e.g. f 1 (x,y) ). In the original NFM formulation, a first order 11 polynomial model, such as a Linear Transfer Function (Box and Jenkins, 1976) , was 12 used for this purpose. However, in this study the black-box SLM and conceptual 13 SMAR catchment models are used instead. 14 
15
In the fifth layer, each output variable is represented by a neuron. The final output 16 produced by each neuron in the fifth layer is the aggregation of the outputs 17 contributed by all the associated IF-THEN rules. 
Simple Linear Model 22
The Simple Linear Model (SLM) was introduced by Nash and Foley (1982) as a 23 naïve, benchmark, model against which the performance of more substantive and 24 sophisticated rainfall-runoff models could be compared. The SLM assumes a linear 1 time invariant relationship between rainfall and discharge, expressed by a convolution 2 summation relation. Here, an additional term has been added in order to include, 3 albeit crudely, losses due to evaporation in the modelling, giving the equation:
where q i , r i , and e i are the discharge, rainfall and evaporation respectively at the i th 6 time step, h j is the j th ordinate of the discrete pulse response function, m is the memory 7 length of the system, G is the gain factor,  is the coefficient of the evaporation term 8 (this can be set to zero if evaporation is to be ignored) and i  is the error term.
9
Usually, the sum of the h j terms is unity. 10 
11
This is a multiple linear regression of the observed discharge on the m previous 12
observed rainfall values and the current evaporation value. For the pulse response 13 terms, h j , either a parametric or non-parametric form can be used, and the two-14 parameters Nash cascade model (Nash, 1957) is used here. The discrete h j terms are 15 calculated from its impulse response function h(t) which has the following form: 16
where   n  is the gamma function.
19
Thus the SLM, with the pulse response function in parametric form, has four 20 parameters, G, n, k, and  . and three parameters in the routing component. In addition, the initial condition of the 10 groundwater storage is considered as a parameter bringing the total number of 11 parameters to twelve. 12 13
Description of the proposed NFM 14
Ozelkan and Duckstein (2001) described any catchment model as a system composed 15 of sub-modules to represent the sub-elements of this modelled system coupled 16 together in order to produce a synergic effect reflected at the output of the system. 17
The representation of the catchment model in this modal structure is equivalent to the 18 branching structure in an algorithm flow diagram resulting from "IF-THEN" fuzzy 19 rules (Gupta and Sorooshian, 1983). In the present work, the aim is not to utilise the 20 "IF-THEN" fuzzy rules as the model core but rather to improve the performance of 21 deterministic catchment models by using a number of "IF-THEN" fuzzy rules to create 22 specific localised versions of these models which are better able to respond to local 23 variations in the pattern of temporal and spatial data. The approach is similar to that of 
NFM_T modelling scenario 23
In the NFM_T scenario there are two inputs, rainfall and evaporation, and the output, 24 discharge, is calculated using one or other of the catchment models. To distinguish 25 14 between the NFM_T variant which uses SLM and the other which uses SMAR in the 1 consequent part they are called NFM_T_SLM and NFM_T_SMAR respectively. For 2 each model a total of ten possible rainfall and evaporation fuzzy sub-set combinations 3 are formulated as indicated in Table 1 . The performances of all ten cases are 4 evaluated separately for eleven catchments from different parts in the world. Details 5 of these eleven catchments are given in Table 2 . 6 7 The total number of parameters (npar) requiring calibration is determined from 8 (i) number of fuzzy subsets for the rainfall (nr fsub ) and the evaporation (ne fsub ); 9
(ii) number of the IF-THEN rules (this is equal to nr fsub * ne fsub ); and 10 (iii) number of the model parameters (P) ( 4 for SLM and 12 for SMAR). 11
The relation used to calculate npar is as follow: 12 
Determination of the HHCUs for the Brosna catchment 21
Each HHCU is expected to have a unique rainfall-runoff relation used to estimate its 22 contribution to the catchment outflow. A large number of spatially-related parameters 23 such as elevation, soil permeability, soil roughness, bedrock transmissivity, etc. could 24 influence the rainfall-runoff response and could be used to characterise the HHCU. 25 1 soil type and these were used to test the NFM_S for the Brosna catchment only. From 2 these three basic maps, four spatial variables are calculated by the GIS (i) elevation, 3
(ii) slope, (iv) land use, and (iv) soil type. Although the original land use map had 4 nineteen different categories, here land use has been aggregated into four main types, 5 agriculture, urban, forest, and wetland. Similarly the slopes obtained directly from the 6 DEM have been assigned to one of three groups: (i) for slopes between 0 % and 8 % a 7 slope index is taken as 4 %; (ii) for slopes between 8 % and 15 % a slope index is 8 taken as 12 %; and (iv) for slope greater than 15 % a slope index is taken as 20 %. 9
The original categories of soil types and elevation bands are used without any changes 10 since they are primary governing parameters in characterising the response to the 11 rainfall. 12 
13
Various combination alternatives, summarised in Table 3 section ¢-¢ in Fig. 4 ) is applied to select cases to be considered in the NFMs tested 10
here. The choice of 40 is aimed to avoid an excessive number of parameters in the 11
NFMs. As the number of clusters remains constant for a range of RR values, the 12 number of cases tested for the NFM_S_SLM and NFM_S_SMAR models in the 13 Brosna catchment, varies from one combination alternative to another (Table 4) . 14 
15
Generally when multiple fuzzy sub-sets are used for banding the rainfall and 16 evaporation then the number of parameters to be calibrated for each case in the 17 NFM_S scenario is obtained by multiplying the number of parameters for the NFM_T 18 scenario, given by Eqn. 5, by the number of clusters or HHCUs involved. However, 19
as one fuzzy sub-set is used for both the rainfall and evaporation in the NFM_S 20 scenario only the parameters of the models (SLM and SMAR) must be calibrated. 21
Therefore there is no need for the sequential iterative procedure used in the NFM_T 22 scenario and instead only the least squares method is used for the linear optimisation 23 problem in the NFM_T_SLM whereas the Genetic algorithm is used for the non-24 linear one in the NFM_T_SMAR. 25 19 1
Results 2
The key issue is to determine whether the introduction of combined sub-models to 3 account for temporal or spatial pattern variations improves the simulation compared 4 to that of a single lumped catchment model. First, the results corresponding to the 5 lumped case (case 1 in Table 1 for NFM_T, and cases 1 of all combination 6 alternatives in Table 4 for NFM_S) are calculated. These provide a baseline to be 7 used in assessing the second set of results corresponding to the best combined case. In 8 each scenario, the best combined case can be described as the one with the highest R 2 9 during the calibration period compared to the others in the same group. The best 10 combined case is an improvement over the lumped case if it scores a higher value for 11 the R 2 criterion and a smaller value of the ARE criterion. In addition to these two 12 numerical criteria, a graphical comparison of the simulated and the observed 13 hydrographs allowed a visual assessment of model fit. 14 
15
In addition, the suitability of using a linear model, such as SLM, or a non-linear 16 model, such as SMAR, in the fuzzy model is also addressed in the discussion. 17 18
Results of the NFM_T scenario 19

Lumped case vs. the best combined case 20
For the NFM_T_SLM and NFM_T_SMAR models, the R 2 and ARE values for the 21 calibration and validation periods are summarised for the eleven test catchments in 22 The ARE values showed even more mixed results as NFM_T_SMAR did not 10 outperform SFM_T_SLM in terms of ARE for the lumped case at two catchments 11 (Chu and Shiquan-3) for calibration and at five catchments (Blue Nile, Chu, Sg. The four graphs demonstrate the ability of the NFM_T_SMAR to capture most of the 1 hydrograph features. This model showed an outstanding performance in reproducing 2 the observed hydrograph in the Chu catchment, (Fig. 7) , and to some extent the one in 3 the Blue Nile catchment, (Fig. 5) . However, in the Brosna and Wolombi Brook (Figs.  4 6 and 8 respectively), features such as rising limb, recession, and base flow were 5 better generated by this model than the individual peak values. the ARE values of the NFM_S_SLM were all much greater than those of the 5 NFM_S_SMAR. The results in Table 6 suggest that, while the 2A combination 6 alternative performs significantly better than the lumped case, the improvement is not 7 as impressive as that obtained for the NFM_T scenario. 8 9
NFM_S_SLM vs. NFM_S_SMAR 10
The superiority of SMAR over SLM can be easily seen from the R 2 and the ARE 11 values. The introduction of non-linearity in the SLM through the combination of its 12 sub-models did not produce any significant improvement. This is not surprising 13 because the use of HHCUs in this context has no effect on the SLM itself but it rather 14 assigns weights to similar sub-models with the same characteristics as the lumped The important question arising out of the results for the two combination scenarios is 5 which combination NFM scenario performs best. To answer this requires a 6 comparison between the best models of the two scenarios. For illustration only, we do 7 this here for the Brosna catchment as the NFM_S was applied for that catchment only. 8
From Table 5 
Conclusions 21
In this study, the NFM has been proposed to account for spatial and temporal 22 variations in modeling the rainfall-runoff relationship. The proposed procedure was 23 implemented with two simple lumped models, SLM and SMAR. For each model two 24 scenarios (NFM_T and NFM_S) were used to construct sub-models to address the 25 25 temporal and spatial pattern variations respectively. In the NFM_T scenario, the two 1 models NFM_T_SLM and NFM_T_SMAR, were applied to eleven catchments from 2 around the world. A split sample technique was used and in most cases the neuro-3 fuzzy combined sub-models were better than the lumped model. The NFM_T_SMAR 4 model was, in general, better than the NFM_T_SLM. 
